Traditional methods of asset allocation (such as mean-variance optimization) are not adequate for option portfolios because the distribution of returns is non-normal and the short sample of option returns available makes it difficult to estimate their distribution. We propose a method to optimize a portfolio of European options, held to maturity, with a myopic objective function that overcomes these limitations. In an out-of-sample exercise incorporating realistic transaction costs, the portfolio strategy delivers a Sharpe ratio of 0.82 with positive skewness. This performance is mostly obtained by exploiting mispricing between options and not by loading on jump or volatility risk premia.
I. Introduction
Although options are well known to help span states of nature (Ross (1976) ) and to provide exposure to (priced) risk factors like stochastic volatility and jumps (see Bates (1996) , Bakshi, Cao, and Chen (1997) , Andersen, Benzoni, and Lund (2002) , and Liu and Pan (2003) , among others), they are seldom used in investment portfolios.
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There are three main problems in option portfolio optimization. First, the distribution of option returns departs significantly from normality and therefore cannot be described by means and (co)variances alone. Second, the short history of option returns available severely limits the precision of the estimation of their complex joint distribution, thereby adding considerable estimation error to the portfolio.
2 For example, we have only data for Standard & Poor's (S&P) 500 options since 1996, which is not long enough to estimate reliably the moments of their joint return distribution. Third, there are high transaction costs in this market. On average, at-the-money (ATM) options have a 5% relative bid-ask spread, while out-of-the-money (OTM) options have relative bid-ask spreads of 10%. Taking these costs into account is thus critical but unfortunately hard to do within the traditional optimization approach.
We offer a simple portfolio optimization method that solves these problems: optimal option portfolio strategies (OOPS). Instead of a mean-variance objective, we maximize an expected utility function, such as power utility, which takes into account all the moments of the portfolio return distribution, penalizing negative skewness and high kurtosis. We deal with the limited sample of option returns by relying solely on historical data for the underlying asset. The only option data needed to simulate option returns are their current prices, as the payoff is fully determined by the simulations of the underlying asset. We simulate returns of the underlying asset going forward and, given the definition of option payoffs, simulate corresponding option returns. We use simple bootstrap methods fitted to index data since 1950. Plugging the simulated returns of the option portfolio into the utility function and averaging across simulations gives us an approximation of the expected utility that can be maximized to obtain optimal portfolio weights. 3 This method is similar in spirit to Brandt, Santa-Clara, and Valkanov (2009) .
We apply our method to a portfolio allocation problem between a risk-free asset and four European options on the S&P 500 index with 1-month to maturity: an ATM call, an ATM put, a 5% OTM call, and a 5% OTM put. 4 These are liquid options that can be combined to generate a variety of final payoffs. We study optimal option strategies in a realistic setting with transaction costs. To incorporate transaction costs, we follow Eraker (2013) and Plyakha and Vilkov (2008) . For each option, we define two securities: a "long option" initiated at the ask quote and a "short option" initiated at the bid quote. The short options enter the optimization process with a negative signal. Finally, we impose no short selling so that only one of the two, long or short positions, is ever taken.
We study the performance of the OOPS in an out-of-sample exercise using a conservative CRRA utility function. Between Jan. 1996 and Aug. 2013, the OOPS yields an annualized certainty equivalent of 9.94% and an annualized Sharpe ratio of 0.82. This compares well with the stock market in the same period, which had a certainty equivalent of −1.31% and a Sharpe ratio of 0.29. Surprisingly, OOPS returns present positive skewness and relatively low excess kurtosis, which compare favorably to simply shorting individual options. We find that our strategy loads significantly on all four options and that the optimal weights vary over time. OOPS is almost delta neutral and has a low beta of 0.03 on average. This is interesting as we expected a greater exposure to the stock market given that the return distribution on which the portfolio choice is based is calibrated to data since 1950 in which the equity Sharpe ratio was large at around 0.48.
Besides loading on the equity premium, there could be two reasons for an investor to buy or sell options: to obtain exposure to risk premia for volatility and jump risk or to exploit option mispricing. Broadie, Chernov, and Johannes (2009) argue that there is little evidence of mispricing of options relative to the underlying stock index. However, we show that the OOPS returns are little exposed to the market, volatility, and jump risk factors identified in the literature as having significant premia, implying that the main source of returns come from exploiting mispricings of options relative to each other.
A related literature investigates the returns of simple option trading strategies. Coval and Shumway (2001) show that short positions in crash-protected, delta-neutral straddles present Sharpe ratios of around 1. 5 Driessen and Maenhout (2013) confirm these results for short-term options in U.S. and U.K. markets. Coval and Shumway (2001) and Bondarenko (2003) also find that selling naked puts offers high returns even after taking into account their considerable risk. In contrast to OOPS, all these strategies have negative skewness and high kurtosis, implying a lower (negative in many cases) certainty equivalent than ours. We find that our portfolio departs significantly from exploiting these simple strategies. For instance, there are several periods in which the OOPS is net long in options.
There are a few papers that also address optimal portfolio allocation with options. Liu and Pan (2003) model stochastic volatility and jump processes and derive the optimal portfolio policy of a CRRA investor across one stock, a 5% OTM put option, and cash. Although they obtain an analytic solution for the optimal option allocation, they need to specify a particular parametric process for the stock dynamics and estimate its parameters. They try different parameter sets and obtain ambiguous conclusions in terms of optimal put weights. Most importantly, their approach cannot be extended to multiple options. In contrast, we can use any model (parametric or not) for the distribution of returns of the underlying asset. Our work is empirical in nature and we impose no restrictions on the number of options that can be used in the optimization problem. Driessen and Maenhout (2007) maximize the average utility of realized returns for a portfolio of a stock, a simple option strategy, and cash. As the option strategy, they consider either an 4% OTM put, an ATM straddle, or corresponding crash-neutral strategies. They conclude that positive put holdings are never optimal given historic option returns. We find, in contrast, that optimal option weights are time varying and change signs during our sample period. Jones (2006) studies optimal portfolios to exploit the apparent put mispricing. He uses a general nonlinear latent factor model and maximizes a constrained mean-variance objective. He circumvents the short history of data by using daily option returns. However, his model is complex, requiring 57 parameters to estimate even when only one factor is considered. This limits the practical usefulness of this approach. Constantinides, Jackwerth, and Savov (2013) study portfolios made up of either calls or puts with a targeted moneyness. Although they find high Sharpe ratios, mostly for put strategies, these strategies yield negative skewness and high kurtosis, implying a lower (or even negative) certainty equivalent than the OOPS. Malamud (2014) studies dynamic portfolio selection with OTM options. His approach, based on option Greeks, allows him to combine several options to obtain high Shape ratios albeit with substantial kurtosis. His approach induces large turnover, which leads to high transaction costs.
The article is organized as follows: Section II explains the method. Section III describes the data. Section IV presents the results. Section V presents concluding remarks.
II. Portfolio Allocation

A. Method
Let time be represented by the subscript t and simulations indexed by n. Our portfolio allocation is implemented for one risk-free asset and a series of call and put options with 1 period to maturity. We consider call options indexed by c and put options indexed by p. We include only assets that are not redundant by putcall parity.
6 At time t, the value of the underlying asset is denoted by S t and each option i has an exercise price of K t,i . The risk-free interest rate from time t to t + 1, known at time t, is denoted by r f t . For each date t, weights are obtained through maximization of the investor's expected utility of end-of-period wealth, which is a function of simulated portfolio returns. The latter are derived from option returns, which in turn depend on the underlying asset returns. The steps below describe the OOPS algorithm in detail. The Appendix provides a simple illustration. 1) We simulate N log returns r n t+1 , n = 1, . . . , N of the underlying asset. The simulation is performed under the empirical density and not the riskadjusted measure.
2) The returns from step 1 are used to simulate the next period's underlying asset value, given its current value:
(1) S n t+1|t = S t exp(r n t+1 ), 6 Although put-call parity does not hold because of transactions costs, incorporating the stock market is still redundant because its payoff is strictly dominated by the other assets' payoffs.
where n = 1, . . . , N , and S n t+1|t denotes the simulated underlying asset value in period t + 1 conditional on information up to time t, and S t denotes the current underlying asset value, which is observed.
3) Using the known strike prices for call options, K t,c , and put options, K t, p , and 1-period simulated underlying asset values S t+1|t from equation (1), we simulate option payoffs at their maturity t + 1:
, 0), where n = 1, . . . , N . Using the simulated payoffs in equation (2) and observed current option prices C t,c and P t, p , option returns are computed by:
where n = 1, . . . , N .
4)
We construct simulated portfolio returns in the usual way:
where ω t,c and ω t, p denote the call and put option weights and n = 1, . . . , N . Each simulated portfolio return is a weighted average of the asset returns and only the risk-free rate is not simulated.
5)
We choose weights by maximizing expected utility over simulated portfolio returns
The output is given by ω t,c and ω t, p .
6) One-period out-of-sample performance is evaluated with realized option returns. We determine the option realized payoffs:
We find the corresponding returns:
(7) r t+1,c = C t+1,c C t,c − 1 and r t+1, p = P t+1, p P t, p − 1.
Finally, we determine the 1-period out-of-sample portfolio return:
ω t,c (r t+1,c − r f t ) + Our approach essentially compares the current price of an option to the expected payoff and risk of the option that follows from the assumed probability distribution of the underlying asset implicit in the simulation. If the option appears cheap relative to the expected payoff and risk profile, the investor buys it. The investor sells the option if its current price is too high relative to the expectation and risk profile of the simulated payoff at maturity.
B. Return Simulation
Our method requires the simulation of the distribution of the underlying stock market returns. It is known that the distribution of raw stock market returns is left skewed, leptokurtic, and presents autoregressive conditional heteroskedasticity (ARCH) effects, which can be verified in Table 1 . We study historic standardized returns, SR, as the ratio between raw returns, RR, and their standard deviation, SDEV, as:
SDEV t+1 , n = 1, . . . , N .
From Table 1 , we confirm that this series is closer to a normal distribution, although still left skewed, and no significant ARCH effects are present. Each month after 1995, based on an expanding sample of historical standardized returns starting in 1950, we simulate different paths for standardized returns. Following Efron and Tibshirani (1993) , we resample directly from the standardized empirical distribution (bootstrap). This is appropriate, as standardized returns are approximately independent and identically distributed. This approach has the same moments as the historical distribution by construction.
The final step is to scale up or down simulated returns by the current realized volatility:
The current realized volatility is calculated from the last d trading days and scaled by 21 days (the average number of trading days in a month) to get monthly units. We consider alternatives values of d to be 1, 5, 10, 20, 30 , and 60 days. In Table 1 reports summary statistics (number of observations, skewness, excess kurtosis, 1-month autocorrelation for returns, and squared returns) and tests (1-month Ljung-Box (1978) ), and ARCH tests; p-values of each test are presented in square brackets) for raw and standardized returns of the S&P 500 index.
Raw Returns
Standardized Returns 1950-1995 1996-2013 1950-2013 1950-1995 1996-2013 1950-2013 each month, we use only the realized volatility length that maximizes the expected utility in sample. 7 This simple approach to incorporate time-varying volatility is close in spirit to the filtered historical simulation of Barone-Adesi, Giannopolos, and Vosper (1999) , in which volatility is estimated by a parametric method such as a generalized autoregressive conditional heteroskedastic (GARCH) model instead of using past realized volatility as we do. Hull and White (1998) , Diebold, Schuermann, and Stroughair (1998) , and Barone-Adesi, Engle, and Mancini (2008) also build on the same idea. Of course, this model is simplistic and we ignore all the great work on GARCH, implied volatility, MIDAS (mixed data sampling), and time-varying crashes. Our point is to show that our method works well even in a simple setting such as this one.
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C. Maximizing Expected Utility
In step 4, the investor maximizes the conditional expected utility of next period's wealth:
subject to the usual budget constraint W t+1 = W t (1 +r p t+1 ). Maximizing expected utility takes into account all the moments of the return distribution. If returns are normal, investors care only about the mean and variance of portfolio returns. In practice, normality does not hold, especially for option returns. Investors thus care also about tail risk (extreme events) and asymmetry, so mean and variance do not provide enough information to make asset allocation choices. We use the power utility function (see Brandt (1999) ). This utility function presents CRRA and is given by:
where γ is the coefficient of relative risk aversion. This utility function is attractive for two reasons. First, because of the homotheticity property, portfolio weights are independent of the initial level of wealth. Therefore, maximizing E[U (W t+1 )] is the same as maximizing E[U (1 +r p t )]. Second, investors care about all moments of the distribution, and this particular utility function penalizes negative skewness and high kurtosis. (2004) estimate an empirical risk aversion of 4 for S&P 500 index option data. Even so, we set the CRRA parameter γ equal to 10 in the optimization for a conservative asset allocation choice.
9 Intuitively, we optimize as if the risk aversion coefficient were higher than it truly is in order to minimize in-sample overfitting. We can think of this as akin to shrinking portfolio weights, which is often done in practice. 10 Finally, note that we can use any other objective function in applying our method.
11
D. Transaction Costs
There is a large body of literature that documents high transaction costs in the option market that are partly responsible for pricing anomalies such as violations of the put-call parity relation (see, e.g., Phillips and Smith (1980) , Baesel, Shows, and Thorp (1983) , and Saretto and Santa-Clara (2009)). Hence, it is essential to take these frictions into account in our optimization approach. We discuss only the impact of transaction costs measured by the bid-ask spread. Other types of costs such as brokerage fees and market price impact may be substantial but are ignored here. Figure 1 shows bid-ask spreads for options between Jan. 1996 and Aug. 2013. Table 2 shows average bid-ask spreads of about $1.40 for ATM options and $0.70 for OTM options. Dividing this by mid prices, we measure relative bidask spreads for ATM options of around 5%, increasing to 10% on average for OTM options. Relative bid-ask spreads change over time and for OTM options can reach up to 30%.
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We incorporate transaction costs into our approach by decomposing each option into two securities: a bid option and an ask option. We initiate long positions at the ask quote and short positions at the bid quote; shorts enter the Table 2 reports averages of option moneyness, price, bid-ask spread, relative bid-ask spread, volume, open interest (in thousands), implied volatility, delta, beta, gamma, and vega for four options with 1 month to maturity: an at-the-money (ATM) call, an ATM put, a 5% out-of-the-money (OTM) call, and a 5% OTM put using mid prices. Option moneyness is defined as S/K − 1. Price is the mid option price. Bid-ask spread is the difference between ask and bid price. Relative bid-ask spread is the ratio of the bid-ask spread to the mid price. Volume is the contract's volume on the day there is 1 month to expiration. Open interest is the open interest prevalent on the same day. Implied volatility is the annualized volatility of the option using the Black-Scholes (1973) model. Delta is the Black-Scholes delta. Beta is the product of delta and the ratio of underlying asset value and option price. Gamma is the Black-Scholes gamma. Vega is the Black-Scholes vega. The period is Jan. 1996 to Aug. 2013. optimization with a minus sign. This follows the approach taken by Eraker (2013) and Plyakha and Vilkov (2008) . Then we run the algorithm as a constrained optimization problem by imposing a no-short-selling condition. This means that in each month only one of the securities, either the bid option or the ask option, is traded. Note that the wider the bid-ask spread, the less likely an allocation to the security is.
ATM
III. Data A. Securities
We analyze the optimal option portfolio allocation from Jan. 1996 through Aug. 2013. The choice of the period relates to the availability of option data. We use log returns of the S&P 500 index from Feb. 1950 through Aug. 2013 as the basis for the simulation process. Figure 2 presents the monthly time series of S&P 500 and VIX indices in the portfolio allocation period. We use data from the OptionMetrics Ivy DB database for European options on the S&P 500 index traded on the CBOE.
14 The underlying asset is the index To eliminate unreliable data, we apply a series of filters typically used in the literature. First, we exclude all observations for which the bid is lower than $0.125 or higher than the ask price. Second, we exclude all observations with no volume to mitigate the impact of nontrading. Finally, we exclude all observations that violate arbitrage bounds.
We assume the risk-free interest rate is represented by the 1-month Treasury bill (T-bill). This series is from Bloomberg for Jan. 1996 to Aug. 2013.
B. Construction of Option Returns
Our asset allocation uses a risk-free asset and a set of risky securities. We consider four options with different levels of moneyness: an ATM call, an ATM put, a 5% OTM call, and a 5% OTM put. This limited number of securities keeps the model simple but still generates flexible payoffs as a function of the underlying asset price: OTM options are important for kernel spanning (Buraschi and We choose 1-month-to-maturity options. Buraschi and Jackwerth (2001) report that most of the trading activity in S&P 500 index options is concentrated in the nearest contracts of less than 30 days to expiration. This target maturity is also appealing as longer maturity option contracts may stop trading if the underlying asset moves in such a way that the options become deeply in the money, or OTM. Most importantly, holding the options to maturity incurs transaction costs only at inception of the trade.
We first find all available option contracts with exactly 1 month to maturity; that is, we use the returns from the Friday before the third Saturday of one month to the Friday before the third Saturday of the next month. 16 We then define buckets for option moneyness in terms of the ratio of the underlying price to the strike price less 1, S/K − 1. We set a range of moneyness between −1.0% and 1.0% for ATM options and between 2% and about 5.0% for OTM options.
For each month and bucket we are left with several potential securities from which we choose the option with the lowest relative bid-ask spread. When more than one contract has the same spread, we choose the one with the highest open interest. Finally, we construct the synthetic 1-month hold-to-expiration option returns:
where PAYOFF t+1 is the payoff of the option at maturity calculated using the closing price of the underlying asset on the day before settlement, and PRICE t is the option price observed at the beginning of the period. We obtain a time series of 212 observations for each security. Figure 3 presents histograms of each option return. For the options considered, we confirm that the option return distributions depart significantly from the normal distribution with considerable negative tail risk. Mean time-series characteristics for each option by moneyness are presented in Table 2 . ATM call and put options have average moneyness of 0.24% and −0.10%, respectively, and OTM call and put options have average moneyness of −4.09% and 4.37%, respectively. These numbers show how close each contract is to the target of each bucket. Volume for each contract is around 13,000 and open interest is close to 15 million. Mean implied volatility varies with moneyness from 17% to 22%, confirming the well-known smile effect. Table 3 reports summary statistics of returns for the securities. We compute the certainty equivalent of an investor with a CRRA utility function with a risk aversion parameter of 4, which is given by
where γ is 4,Ū = 1 T T t=1 U t , and U t is the CRRA utility function for each month t. We use a risk aversion coefficient of 4 to evaluate the returns of the strategy. This is lower than the coefficient used in the optimization. Intuitively, we optimize as if the risk aversion coefficient were higher than it truly is in reality to 
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Graph D. OTM Put
Frequency minimize in-sample overfitting. We can think of this as akin to shrinking portfolio weights, which is often done in practice. We also compute the Sharpe ratio and offer descriptive statistics of the return distribution, in particular, skewness and excess kurtosis. 17 We use the S&P 500 total return index as a benchmark. 18 The S&P 500 total return index has an average annualized return of 6.4% over the sample period, corresponding to an annualized certainty equivalent of −1.31%
17 The main problem with the Sharpe ratio in this setup is that it takes into account only the first two moments, the mean and the standard deviation. See Bernardo and Ledoit (2000) and Ingersoll, Spiegel, Goetzmann, and Welch (2007) for problems with the Sharpe ratio. Broadie et al. (2009) show that although the Sharpe ratio is not the best measure to evaluate performance in an option framework, other alternative measures such as Leland's alpha or the manipulation-proof performance metric face the same problems. 18 We also construct a portfolio consisting of the stock market and the T-bill optimized each month using the CRRA bootstrap method defined in Section II. The performance is similar although with lower and less volatile returns. Table 3 reports summary statistics (annualized mean, annualized standard deviation, minimum, maximum, skewness, excess kurtosis, annualized certainty equivalent (CE), and annualized Sharpe ratio (SR)) for a buy-and-hold strategy in several assets: primitives assets (S&P 500 total return index and 1-month Treasury bill (T-bill)), options (an at-the-money (ATM) call, an ATM put, a 5% out-of-the-money (OTM) call, and a 5% OTM put), a strategy that allocates a weight of 1/4 to each of the options previously selected), and delevered options composed by one of the previous options with weight of −4.47% and 104.47% in the risk-free asset. The period is Jan. 1996 to Aug. 2013. and an annualized Sharpe ratio of 0.29. 19 This Sharpe ratio is lower than for the entire sample, reflecting the low returns in the recent period. S&P 500 index returns are negatively skewed and leptokurtic. Panel B presents the same summary statistics for individual options. Options present large negative average annualized returns ranging from −440% to −131%, except the ATM call with a positive mean return of 52%. This suggests that writing options would have been a good strategy, with annualized Sharpe ratios ranging from 0.14 to 0.60 for this period.
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Writing options, however, has negative tail risk that is onerous in some months. The returns to writing options have a maximum of 100%, but the minimum ranges from −2, 496% to −664% depending on the option. This leads to large negative skewness and excess kurtosis as high as 38 and a deeply negative certainty equivalent of −100%. The last row of Panel B shows a strategy that allocates the same weight to each option. DeMiguel, Garlappi, and Uppal (2009) argue that a naive 1/N uniform rule is generally a good strategy. Using this rule for our four risky assets, we obtain smoother skewness and kurtosis, and an annualized Sharpe ratio of 0.47. However, as with individual options, the certainty equivalent is still −100%. We note that looking at these extremely levered securities may lead to unreasonable returns. No investor would invest all wealth in them. We therefore construct low-leverage portfolios that short only 4.47% of the wealth in each option and go long 104.47% in the risk-free asset. This choice allows us to relate the returns of individual options to our OOPS returns later, as OOPS invests, on average, 104.47% in the risk-free asset and has an average short position of 4.47% in options. Of course, mean, standard deviation, minimum, and maximum drop dramatically while skewness, excess kurtosis, and annualized Sharpe ratio do not. However, the simple option strategies still deliver negative skewness returns and in most cases negative certainty equivalents, showing that risk-averse investors would not want to use them.
IV. Results
A. Out-of-Sample OOPS Returns Figure 4 presents the distribution of OOPS out-of-sample returns. In contrast to individual options, the OOPS is closer to a normal distribution with a symmetric shape and low tail risk. Table 4 reports summary statistics of out-of-sample returns for the OOPS and the S&P 500 total return index (for comparison) between Jan. 1996 and Aug. 2013. Our strategies deliver an annualized certainty equivalent of 9.94% after transaction costs, which contrasts the S&P 500 certainty equivalent of −1.31%. The OOPS yields an average annualized return of 16.1% and an annualized standard deviation of 18.4%. This implies an annualized Table 4 reports time-series summary statistics (annualized mean, annualized standard deviation, minimum, maximum, skewness, excess kurtosis, annualized certainty equivalent (CE), and annualized Sharpe ratio (SR)) for the S&P 500 total return index and the out-of-sample optimal option portfolio strategies (OOPS) returns as explained in Section I. The OOPS returns are after transaction costs. The period is Jan. 1996 to Aug. 2013. Sharpe ratio of 0.82. 21 The S&P 500 total index returns present lower mean and larger standard deviation, which imply a relatively lower annualized Sharpe ratio in this period of 0.29. In contrast to the stock market, OOPS has positive skewness and low kurtosis. This is remarkable because shorting individual options has large negative skewness and much higher kurtosis. The OOPS has a minimum return of −18.4% and a maximum return of 20.8%, which compares to the S&P 500 index minimum of −29.5% and a maximum of 18.6%. Figure 5 presents the cumulative returns for the OOPS, S&P 500 total return index, and risk-free rate starting from $100 invested in Jan. 1996. The OOPS shows a relatively stable increasing pattern. The final value is more than 13 times the initial amount invested, well above the performance of the S&P 500 index. The largest OOPS loss (−18%) was associated with the 9/11 terrorist attacks. The second largest OOPS loss (−15%) was associated with the Flash Crash on May 6, 2010. We cannot relate the third largest OOPS loss to any special event.
On the other side, Mar. 2009 was the inflection point after the 2007-2008 crash. May 2013 and Feb. 1996 did not have salient events, although associated with the largest OOPS gains. An investor may be worried by the OOPS return drawdowns. Nevertheless, the OOPS return drawdowns are typically less severe than drawdowns for the S&P 500 index returns. This can also be confirmed by the positive certainty equivalent of OOPS returns when compared to the negative certainty equivalent of the stock market returns.
Another concern is neglecting price impact costs for OTM puts, as the market is fairly one-sided for this option. To test this concern, we run our method but remove the possibility of selling OTM puts while still allowing them to be bought. Year OOPS S&P 500 Risk-free 21 We tried our method for 2-month and 3-month options. For 2-month options, our method delivers a Sharpe ratio of 0.81 and a certainty equivalent of 4.91%. For 3-month options, our method delivers a Sharpe ratio of 0.42 and a certainty equivalent of 8.14%. Alternatively, we also run the method when the bid-ask spread for OTM puts is doubled. In both cases, the impact on performance is marginal because the strategy does not meaningfully short these options. The OOPS is different from the simple short put and other strategies described in the literature (Coval and Shumway (2001) , Saretto and Santa-Clara (2009) ). Table 5 reports the average, minimum, and maximum net weights of each option in the strategy, and Figure 6 presents the evolution of net weights for each option. Optimal call and put option weights vary significantly over time, ranging from −8.7% to 3.5%. Put options have generally lower weights relative to call options. On average, the OOPS takes low short positions in options. Nonetheless, there are extended periods in which the OOPS is long in options. There is an offsetting effect within ATM options and within OTM options. Graph D in Figure 6 describes the evolution of the risk-free security weight, which is 100% minus the sum of the weights invested in options. The mean riskfree weight is 104.47%, ranging from 94% to 116%. In line with our expectation, OOPS is a net seller of options on average, but in 27% of the months our investor holds a net long position (on average equal to 3%). Driessen and Maenhout (2007) show that CRRA investors always find it optimal to short OTM puts, and only with distorted probability assessments using cumulative prospect theory and anticipated utility are they able to obtain positive weights for puts. In contrast, we find that there are many periods when this does not apply. For example, in July 1997, the OOPS takes a long position of 0.7% in OTM put options. In Driessen and Maenhout's setting, they have a static setting, constant weights in each option over time, and a smaller opportunity set, only one option strategy at a time. It is clearly not the case that the OOPS simply sells volatility at all times. There is a strong correlation, 0.94, between the sum of call weights and the sum of put weights. Figure 6 shows that the optimal portfolio is short OTM puts most of the time (85% of the months), but partially hedges this position with other options.
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TABLE 5 OOPS Weights
Choice of Volatility Estimator
The OOPS uses current realized volatility, which is calculated from the last d trading days and scaled by 21 days (the average number of trading days in a month) to express it in monthly units. In each month, we use the length d that maximizes the expected utility in sample. Alternatively, we also use 22 Correlation figures confirm these results. The strongest correlated pair of weights is the ATM call and puts on the order of 0.82. Figure 6 shows the monthly weights of the optimal option portfolio strategies (OOPS). Graph A presents weights for the at-the-money (ATM) call minus put (C − P) options. Graph B presents weights for the 5% out-of-the-money (OTM) call and put options. Graph C presents weights for the difference between ATM options and OTM options. Graph D presents the weight of the risk-free security. The period is Jan. 1996 to Aug. 2013. t−1 where 0 ≤ λ ≤ 1 is the smoothing parameter. The smaller the smoothing parameter, the greater weight is given to recent return data. We present the results of using these estimators for the OOPS in Table 6 . The OOPS returns are robust to the choice of volatility estimator, although there is some deterioration of performance when using VIX, RiskMetrics, and different fixed levels for d. The decrease in performance from using VIX shows that part of the OOPS returns are due to an underestimation of volatility immediately following a positive shock to volatility. Alternatively, it may be that VIX overshoots the true volatility. The results using RiskMetrics are also enlightening. With higher λ and stronger persistence of the estimator, we get worse performance for the OOPS. This means that the performance of our method depends on using recent Table 6 reports time-series summary statistics (annualized mean, annualized standard deviation, minimum, maximum, skewness, excess kurtosis, annualized certainty equivalent (CE), and annualized Sharpe ratio (SR)) for the out-of-sample optimal option portfolio strategies (OOPS) returns for different estimators of volatility. We present in parentheses the estimator used. RV stands for realized volatility, RM stands for RiskMetrics, and VIX stands for VIX. OOPS returns are after transaction costs. The period is Jan. 1996 to Aug. 2013. information to estimate volatility. We see the same results as we vary the length of the window to estimate volatility. It is particularly important for our method to put the most weight on recent observations.
FIGURE 6 OOPS Time-Series Weights
B. Risk or Mispricing?
There are two alternative justifications for the OOPS performance: loading in priced risk factors or exploiting option mispricing. The existing literature supports both hypotheses. Bakshi et al. (1997) , Bates (1996) , Chernov and Ghysels (2000) , Duffie, Pan, and Singleton (2000) , Pan (2002) , Liu and Pan (2003) , Eraker (2004) , Broadie, Chernov, and Johannes (2007) , Todorov (2010) , and Christoffersen, Jacobs, and Heston (2013) show that option prices reflect priced volatility and crash risk exposures, whereas Coval and Shumway (2001) , Jackwerth (2000) , Jones (2006) , Goyal (2009), and Constantinides et al. (2013) show that risk factor exposures do not fully explain option prices. In this section, we explore the two alternatives.
We find that the OOPS has low exposure to priced risk factors. Ex ante, our strategies have, on average, low exposure to the market, volatility, and jump risks. There are, however, some periods in which the OOPS is more exposed, especially when volatility is low. Figure 7 presents the time-series evolution of three risk measures from Jan. 1996 to Aug. 2013. We use Greeks from Black and Scholes (1973) to evaluate this. The beta of an option is computed by multiplying the Black-Scholes delta by the ratio between the underlying asset value and the option value. The portfolio beta is the weighted average of the option betas.
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This measure has the advantage that it takes into account option leverage. The OOPS has lower beta than individual options. 24 It varies between −0.75 and 0.62 with a mean of 0.03. This means beta is not significantly different from 0 using a Newey-West (1987) t-statistic. 23 We do not present the delta, because its time-series distribution is narrow and close to 0. 24 Beta for individual options is presented in Table 2 and the differences between individual option betas and OOPS betas are statistically significant. Figure 7 presents the optimal option portfolio strategies (OOPS) risk measures calculated according to the Black-Scholes (1973) model. Beta is the percentage change in the portfolio due to a 1-percent change in the underlying price. Percent vega is the percentage change in the portfolio due to a 1-percentage-point change in the volatility. Market jump of −5% is the percentage change in portfolio if the stock market drops 5%. The period is Jan. 1996 to Aug. 2013. We use percent vega to proxy for the volatility exposure. Percent vega is the percentage change in the portfolio due to a 1-percentage-point change in volatility. This is generally low, varying between −1.4% and 0.7%. The mean percent vega is −0.3% and significantly different from 0 using a Newey-West (1987) t-statistic. Therefore, if volatility increases by 1%, the portfolio returns decrease by 0.3% on average. The magnitude of the exposure is low (and the sign changes often) so that the OOPS returns cannot be explained by the volatility risk premium only. Market jump of −5% is the OOPS return from a sudden drop of 5% in the stock market. Jump risk at time t for each option in the portfolio is computed as O
FIGURE 7 OOPS Time-Series Risk Measures
is the Black-Scholes (1973) option value for each option in the strategy. We aggregate these exposures in the portfolio and present the result in percent. Market jump of −5% evolves between −4.8% and 3.7%, and the average time-series value is −0.6%. This exposure is on average negative; that is, the strategy loses when there are large market drops, but the OOPS always loses less than the market. Therefore, the magnitude of the exposure is low (and the sign changes often) so that OOPS returns cannot be explained by the jump risk only. 25 Therefore, the high OOPS returns cannot be fully explained as compensation for jump risk. From these ex ante measures it is clear that, on average, the OOPS is not particularly exposed to the market, volatility, or jump risks. This agrees with the low realized volatility, positive skewness, and low kurtosis of the OOPS ex post distribution discussed in the previous section.
To clarify the risk exposures of the OOPS even further, we present payoff profiles (the return of the portfolio as a function of S&P 500 returns) for the timeseries average portfolio and three dates that present different weight profiles : June 2002 , Apr. 2005 , and Mar. 2007 . Figure 8 presents these four payoff functions in Graphs A-D. The OOPS profile in June 2002 is little exposed to market risk. In Apr. 2005, the OOPS is exposed to low volatility. In Mar. 2010, the OOPS is exposed to left-tail risk. These three cases show the diversity of profiles of OOPS. On average, the OOPS time-series average profile is somewhat exposed to right-tail risk. We also present in Graphs E-H payoff profiles for four traditional strategies for comparison: short OTM put option, short ATM straddle, short 0-beta straddle, and short crash-neutral straddle, all delevered (4.47% weight) so that they can be easily compared to the OOPS. The contrast is stark, especially in terms of the volatility exposure.
Next, we study the ex post risk exposure of the OOPS. First, we define the variables. EXCESS MARKET RETURN is the difference between the market return and the risk-free rate. As a proxy for the market return, we use the S&P 500 index monthly return, r S&P500 . We proxy jump risk by a variable JUMP, equal to the value of the S&P 500 index return when the monthly return is below −5%, and 0 otherwise. 26 We consider two volatility measures: realized volatility (RV) of the previous month using daily data, and the VIX level (VIX). We also construct a proxy for the volatility risk premium, VRP, which is the spread between implied and realized volatilities (e.g., Adrian and Shin (2010) , Saretto and Goyal (2009) , among others). We use GAMMA, the second derivative of the option price with respect to the underlying stock. It proxies for nonlinear changes in the stock price. We use the slope of the implied volatility term structure, IV TERM, defined as the 2-month ATM put implied volatility less the 1-month ATM put implied volatility. We also use the implied volatility moneyness slope, IV MONEYNESS, defined as the 1-month OTM put implied volatility less 1-month ATM put implied volatility. All of these variables are customary in the equities and options literature.
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FIGURE 8
Payoff Profile Figure 8 presents the effect of a percentage change in the stock market on several strategies. Graphs A-D are the timeseries average and three specific dates for the optimal option portfolio strategies (OOPS) allocation, and Graphs E-H represent traditional short strategies used in the literature related to market, volatility, and jump risk. OTM stands for out of the money, and ATM stands for at the money. The period is Jan. 1996 to Aug. 2013. We run explanatory regressions of out-of-sample OOPS excess returns, r t −r f t , on contemporary risk variables, X t : (15) r t − r f t = α + β X t + t .
measures such as relative bid-ask spread or open interest, and the VOL and JUMP factors of Cremers, Halling, and Weinbaum (2015) .
We run simple linear regressions on traditional risk factors. The factors considered are excess market return, jump risk, and changes in the following variables: realized volatility, VIX, implied volatility term structure, and implied volatility moneyness slope. Table 7 reports the results. The market coefficient is positive and significant at the 5% level. Therefore, the OOPS returns are positively related to market returns. The OOPS expected returns are negatively related to contemporaneous jump and changes in realized volatility. All of these estimates agree with previous ex ante risk measure findings. Notice that the magnitude of the coefficients on these variables are all low. This shows the low economic risk implied by exposure to market, volatility, or jump risks. Moreover, R 2 s are very low; that is, these variables are able to explain only a maximum of 4.99% of the variation in OOPS out-of-sample returns.
TABLE 7
Explanatory Regressions for OOPS Returns Table 7 presents estimated coefficients (p-values in square brackets) and the adjusted R 2 for explanatory regressions in which the dependent variable is the out-of-sample optimal option portfolio strategies (OOPS) excess returns, and the independent variable is the variable stated in the left column and defined in Section III. ** and *** indicate significance at the 5% and 1% levels, respectively. The period is Jan. 1996 to Aug. 2013, corresponding to 212 monthly observations. Next, we study predictive regressions. We regress out-of-sample OOPS excess returns, r t −r f t , on a lagged variable Z t−1 , using the following regression:
OOPS Excess Returns
These regressions study the conditional expected return of the strategy. We therefore use variables that proxy for conditional risk premia. The values at the beginning of the month for the following variables are used: realized volatility, VIX, variance risk premia, jump risk, gamma, implied volatility term, and implied volatility moneyness slope. Table 8 shows the results of these regressions. No variable is significant at the 5% significance level. Moreover, these variables present a maximum R 2 of 0.41%. We conclude that there is no variable able to meaningfully explain the variation in expected or unexpected OOPS returns. Both the results using ex ante risk measures and payoff profiles and those using the ex post regressions are strong Black-Scholes (1973) world with no mispricing and no risk premia for volatility or crashes. We conduct a simulation study similar to theirs of a Black-Scholes economy under the objective measure. The calibration fits the historic behavior of the S&P 500 index returns in our sample between 1950 and 2013. The historic average annualized index return is 7.17%, the annualized volatility is 14.58%, and the annualized risk-free rate is 1.74%. This translates to a historic risk premium of 5.43% and a Sharpe ratio of 0.37 for the stock market, in line with the estimates in Broadie et al. In this economy there are no transaction costs. We simulate 1,000 paths of 756 months each (the sample length of our data) of the index level.
For each simulated path, we use the first 551 observations as the basis for the simulations used in the OOPS algorithm. These observations corresponds to the initial period between 1950 and 1995 in our sample. For each of the last 212 months, we price options with the moneyness as used in our empirical study using the Black-Scholes (1973) formula. Note that, by assumption, in this economy there is no mispricing or risk premia for crash and volatility risk factors. Then, we run the OOPS algorithm on these artificial samples. In the end, we compute the same time-series performance metrics as before, including the certainty equivalent and Sharpe ratio of the OOPS. In Figure 9 , we plot the histograms of the difference between simulated OOPS and stock market Sharpe ratios (Graph A) and certainty equivalents (Graph B), as well as our point estimates reported in
FIGURE 9
Sampling Distribution of OOPS Sharpe Ratio and Certainty Equivalent under a Black-Scholes Economy Figure 9 presents histograms of the difference between the simulated optimal option portfolio strategies (OOPS) and simulated stock market Sharpe ratios (SR) (Graph A) and the difference of the simulated OOPS and simulated stock market certainty equivalents (CEs) (Graph B) under a Black-Scholes (1973) economy. The experiment uses 1,000 trajectories. The solid vertical line is the observed value from the data. 
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-25% -20% -15% -10% -5% 0% 5% 10% 15% Table 4 , which are represented by a dashed vertical line. The OOPS annualized Sharpe ratio and certainty equivalent are in the extreme right tail of the simulated distribution, showing clearly the significance of our estimates.
V. Conclusion
We offer a new method for portfolio optimization using options. This method takes into account the complex distribution of option returns and investor preferences for higher order moments. The method is straightforward to implement and requires virtually no computing resources. Our approach does not rely on a long time series of option returns but instead requires only currently observed prices. The approach takes into account the substantial transaction costs in this market in a simple and convenient manner.
We apply the method out of sample from 1996 to 2013 with impressive results. We obtain a high certainty equivalent and a large Sharpe ratio. We show that these results are driven mostly by exploiting option mispricings, coupled with a small exposure to market and volatility risk premia but not to crash risk. 
Appendix. Example Implementation of the Method
In this Appendix, we provide a small example of the method explained in Section II.A. In this small example, we assume two periods, t = 1, 2. At time 1, we run the optimization problem and obtain the weights of each security. At time 2, we perform our out-of-sample exercise. We set the stock prices for this exercise as S 1 = 1 for period 1 and S 2 = 0.98 for period 2, known only at period 2. We also set the risk-free interest rate equal to 1% (r f = 0.01) for both periods. We use four options over the same underlying with the same maturity. The only difference between options is moneyness and the choice between call and put options. Hence, we define the two call options (at the money (ATM), c 1 , and out of the money (OTM), c 2 ) and two put options (ATM, p 1 , and OTM, p 2 ) with strike prices given by K 1,c1 = K 1, p1 = 1, K 1,c2 = 1.05, and K 1, p2 = 0.95. The current option prices are C 1,c1 = 0.04, C 1,c2 = 0.0008, P 1, p1 = 0.07, and P 1, p2 = 0.02. We assume a power utility function with γ = 10. In this example, we run our method for four simulations and we assume no transaction costs. Table A1 presents the results for each step of the method explained in Section II.A. In step 1, we assume the four simulated returns of 5%, 1%, −4%, and −10%. Then, in step 2, we compute the next-period underlying asset value. Using these four values, in step 3 we compute the simulated option payoffs at maturity and the corresponding returns for each option. In step 4, we compute the simulated portfolio returns. Based on these simulated portfolio returns, in step 5 we maximize the expected utility function and get the weights for each of the four options. In step 6, we determine the out-of-sample portfolio return. The resulting portfolio return for this hypothetical example is 3.60%.
TABLE A1
Example of the Method Table A1 shows an example of the method explained in Section II.A for a 2-period model with 4 simulations and assuming no transaction costs. + ω1,c 2 × (−1.0100) + ω1,c 2 × (−1.0100) + ω1,c 2 × (−1.0100) + ω1,p 1 × (−1.0100) + ω1,p 1 × (−1.0100) + ω1,p 1 × (−0.4498) + ω1,p 1 × (0.3495) + ω1,p 2 × (−1.0100) + ω1,p 2 × (−1.0100) + ω1,p 2 × (−1.0100) + ω1,p 2 × (1.2481) 5. Choose weights by maximizing expected utility over simulated returns 
